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and environmental exposures influence health outcomes [1] [2] [3] [4] [5] [6] . One often used approach for 48 addressing a single stressor is a risk assessment, which focuses on the probability of harm and 49 is based on a quantitative convolution of exposure assessment with a dose-response assessment 50 to provide an overall characterization of risk. But in order to protect vulnerable individuals and 51 communities, environmental health science has broadened in emphasis from single-stressor 52 evaluations to include integrated assessment of multiple stressors [1, [6] [7] [8] [9] [10] . This integration 53 among disparate exposures presents a significant methodological challenge, requiring 54 qualitative and less-formal quantitative methods that address hazard as the potential for harm 55 [3, 4, 6, 7, 11, 12 ]. These impact assessments use metrics of exposure and dose-response but 56 lack the quantitative direct link of these two factors that is common in risk assessment. Based 57 on these methods, environmental justice advocates and health geographers have developed a 58 variety of maps, indices, and tools that integrate environmental health hazards from multiple 59 stressors at varying geographic scales. These tools incorporate a range of indicators including 60 pollutant concentration or load estimates, contaminated sites or other hazards, built 61 10 The CalEnviroScreen 3.0 score is constructed from these data by a weighted averaging and 178 multiplication algorithm, described elsewhere [23] . Briefly, each underlying variable is 179 assigned a percentile rank score across each available census tract, a single weighted average is 180 calculated for the 12 environmental variables and another weighted average for the 8 181 population variables (socioeconomic vulnerability and health outcome variables), each 182 weighted average is linearly rescaled from 0 to 10, and finally, the two averages are multiplied 183 achieving a score possibly ranging from 0 to 100. 184
Disease burden measure 185
Although CalEnviroScreen does incorporate three specific health outcomes, we developed a 186 separate disease burden measure independently of CalEnviroScreen to examine how well the 187 environmental and socioeconomic variables in CalEnviroScreen predict overall burden of 188 disease. To maintain transparency and potential for community access [4, 13] , our disease 189 burden indicator was developed using publicly available hospital discharge data collected at the 190 zip-code level. Although some researchers may not consider hospitalization at zip code as the 191 most specific measure that one would like for a disease burden analysis, it is what is publicly 192 available to derive metrics of disease burden and has been used in other studies tracking links 193 between environmental quality and disease [34, 35] . 194 We characterized burden of diseases using discharge diagnostic codes (which used the ICD-9-195 CM schema). We obtained these data for all hospitalizations for a given calendar year using 196 publicly available, de-identified, statewide hospital discharge data from the California Office of 197
Statewide Health Planning and Development, spanning the years 2008-2011. Using these data, 198 we classified hospitalizations by pre-determined ICD-9 diagnostic categories, focusing on 199 15 explained by the model, the psuedo-R 2 was compared between the full model and the model 287 with that parameter removed. 288
Prior to statistical analysis, all variables were transformed to approximate a normal distribution 289 and multivariate linearity required for linear model analysis [26, 48] . Transformations included 290 log 10 (7 variables), cube root (6 variables), square root (5 variables), and arcsine square root 291 transformation (drinking water). PM 2.5 and low birth weight did not require transformation 292 (Additional File: Table S1 ). The combined disease burden measure (DB) exhibited skewness 293 and long tails (leptokurtic) and standard transformations failed to achieve normally distributed 294 model residuals. Normal residuals were therefore achieved employing a modulus 295 transformation:
following John and Draper [49] . The predictor 296 variables for the SAR were centered and scaled by subtracting the mean and dividing by the 297 standard deviation. This converted the transformed variables (Additional File: Table S1 ) to the 298 same unit normal distributions, such that a comparison of model coefficients would 299 approximately indicate relative contribution of each variable to disease burden [50] . 300
In the interest of independent assessment, we did not communicate with OEHHA, CalEPA, or 301 any members of the CalEnviroScreen development team regarding any aspect of this study. 302
Results

303
For Question 1, describing the multivariate structure of the CalEnviroScreen source data, we 304 employ PCA to visualize which exposures are associated with each other and the prevailing 305 patterns of overall exposure encountered in California. For Question 2, how CalEnviroScreen 306 compares to an alternate metric based on PCA, we present the correlation between the main 307 16 principal components and the CalEnviroScreen score. For Question 3, spatial patterns in 308 environmental hazard and population vulnerability, we map the first principal component (PC) 309 of separate PCAs performed on the environmental hazard and socioeconomic vulnerability 310 variables. Finally, Question 4 examines and compares whether the exposure and vulnerability 311 indicators in CalEnviroScreen predict disease burden. We employ the PCs rather than the 312 individual parameters to focus on overall patterns of exposure and vulnerability and to reduce 313 the number of required analyses. The relative importance of environmental versus 314 socioeconomic parameters in the model illustrates which factors most influence disease burden. 315
Multivariate data structure 316
Pearson's pairwise correlation coefficients (r) indicate multiple associations for the underlying 317
CalEnviroScreen data (Table 1 ). Positive pairwise associations are observed among variables 318 related to air pollution and traffic, with diesel PM moderately correlated with PM 2.5 (r = 0.41) 319 and traffic density (r = 0.56), and toxic release correlated with these three variables (r = 0.43 -320 0.56, Table 1 ). Socioeconomic indicators of vulnerability are also positively associated: low 321 educational attainment, linguistic isolation, poverty, and unemployment exhibit r values 322 ranging from 0.51 to 0.82, with the exception of linguistic isolation versus unemployment (r = 323 0.24) ( Table 1 ; Additional File: Fig. S3 ). Housing burden is also positively related to these 324 variables, with correlation coefficients ranging from r = 0.40 versus unemployment to r = 0.72 325 for poverty. The strongest correlation between socioeconomic and environmental variables is 326 between linguistic isolation and diesel PM (r = 0.43). The strongest negative association among 327 all variables is groundwater threats versus ozone (r = −0.33). Of the CalEnviroScreen health 328 outcome variables, low birth weight is not well correlated with any environmental variables, 329 but is highly correlated with housing burden (r = 0.72). Similarly, asthma is more positively 330 correlated with the socioeconomic variables education (r = 0.51), poverty (0.53), and housing 331 burden (0.50), than with any environmental variables. Cardiovascular disease exhibits moderate 332 correlations with low educational attainment, poverty, and unemployment (r = 0.43 -0.46) but 333 also with the environmental variable, ozone (0.39). 334
<Insert Table 1 Here> 335
Principal component analysis and comparison to CalEnviroScreen 336
PCA was performed on the entire CalEnviroScreen data set (20 variables), on the data set 337 without the health outcome variables (17 variables), and on the environmental (12 variables) 338 and socioeconomic (5 variables) data. For the entire data set, the first three PCs explain 50% of 339 data variability in combination. The first principal component (PC) (Fig. 1a , horizontal axis), 340 explaining 23% of variation, is positively associated with all variables except for a weak 341 negative association with pesticide use and impaired water bodies. The variables with the 342 greatest variance along this axis are asthma (health indicator) and the five socioeconomic 343 indicators (linguistic isolation, low educational attainment, poverty, unemployment, and 344 housing burden). The other two health indicators (low birth weight and cardiovascular disease) 345 are also associated with the first PC axis, as is PM 2.5 and diesel PM. 346
The second PC ( Fig. 1a , vertical axis; Fig. 1b , horizontal axis) explains 14% of variation. 347
Indicators of industrial pollution and associated hazardous sites score positively with both the 348 first PC (hereafter referred to as PC1all) and the second PC (hereafter, PC2all) ( Fig. 1a, b ). In 349 particular, PC1all and PC2all are associated with groundwater threat sites, hazardous waste 350 18 sites, cleanup sites, toxic release, traffic, and diesel PM. These variables are negatively 351 correlated with pesticide use, which would be expected in rural areas, as well as drinking water 352 contamination and ozone. Examining the biplot of PC2all and PC3all (Fig. 1b For the environmental PCA ( Fig. 1c ), the first two principal components explain 43% of data 360 variability in combination. Along the axis of the first PC, explaining 23% of variance, there is a 361 positive association among toxic releases and motor vehicle pollution indicators: PM 2.5 , diesel 362 PM, and traffic. These are negatively associated with pesticide use. Sites contaminated due to 363 industrial activity, including groundwater threats, hazardous waste sites, and cleanup sites, are 364 positively associated with both the first and second PCs. Based on these associations, the first 365 PC (hereafter, PC1env) represents general exposure to urban and industrial pollution. 366
Interestingly, PC1env is strongly positively correlated at the zip code scale with population 367 density (r = 0.81, n = 1602), indicating densely populated areas are more exposed to the main 368 environmental hazards measured by CalEnviroScreen. 369
The second environmental PC (hereafter, PC2env) explains 20% of variance, and is negatively 370 associated with ozone and drinking water contamination ( Fig. 1c ). Examination of the 371 associations of PC2env indicates that elevated hazards due to ozone and drinking water 372 19 contamination will tend to occur in different areas from impaired water bodies or groundwater 373
threats. 374
For the socioeconomic PCA ( Fig. 1d ), the first two PCs explain 82% of data variance. The first 375 PC (hereafter PC1soc) explains 66% of variance and is positively associated with all five 376 socioeconomic indicators. Thus, PC1soc broadly indicates socioeconomic vulnerability. The 377 second PC (PC2soc) explains 16% of variance, and separates unemployment from linguistic 378 isolation ( Fig. 1d ). 379
The CalEnviroScreen method produces a numeric score calculated as a weighted sum of 380 environmental variables (which CalEPA refers to as pollution burden) multiplied by a weighted 381 sum of the socioeconomic and health outcome variables (referred to as population 382 characteristics) [23, 24] . We were interested in how well this calculation method represents the 383 prevailing multivariate patterns in environmental and socioeconomic vulnerability within the 384 population of census tracts. That is, does CalEnviroScreen achieve its intended purpose of 385 identifying areas exhibiting high hazard from a combination of environmental exposures and 386 socioeconomic vulnerabilities? To evaluate the validity of CalEnviroScreen based on this 387 criterion, we calculated Spearman's rank correlation coefficient for the CalEnviroScreen score 388 versus the main PCs from each PCA analysis, for all available census tracts (n = 7929). 389 Spearman's ρ was employed as a measure of association that is robust to nonlinear 390 relationships, which were evident in this analysis (Fig. 2) . 391
In the all-variables PCA, CalEnviroScreen is strongly associated with PC1all (ρ = 0.95; Fig. 2 ) 392 and not associated with PC2all (ρ = 0.00) or PC3all (ρ = 0.10). When separate PCAs are 393 performed on the environmental and socioeconomic data, CalEnviroScreen is strongly 394 20 associated with PC1soc (ρ = 0.82), moderately associated with PC1env (ρ = 0.59), and not 395 associated with PC2env (ρ = −0.08) or PC2soc (ρ = 0.00). These results indicate that changes in 396 the predominant gradients underlying the data (PC1all, PC1soc, and PC1env) are generally 397 captured by the CalEnviroScreen score. Thus, this single score effectively captures the 398 prevailing gradients in the underlying variability in environmental exposures and 399 socioeconomic vulnerabilities. 400
The only variables negatively associated with PC1all ( Fig. 1a ) were pesticides and impaired 401 water bodies. Not surprisingly, the CalEnviroScreen 3.0 score exhibits no correlations with 402 these two variables; Pearson's r was 0.05 for pesticides and −0.04 for impaired water bodies. 403
As a result, the CalEnviroScreen census tract rankings will be insensitive to these two 404 variables. 405
Spatial patterns 406
The spatial patterns in environmental hazard and population vulnerability can be seen by 407 plotting the first principal component for the environmental and socioeconomic variables, 408 respectively ( These results suggest that whereas environmental hazard and socioeconomic vulnerability both 471 contribute, socioeconomic vulnerability is more important than environmental hazard for 472 explaining disease burden at the zip code scale. 473
Discussion
474
Multivariate analysis of the California Communities Environmental Health Screening 475
Tool 476
Our study results support the use of CalEnviroScreen as a census tract scale indicator of 477 environmental health hazard and vulnerability. The CalEnviroScreen numeric score was 478 strongly associated with the first principal components in all analyses, indicating that it 479 24 represents the primary underlying gradients within the data set. Additionally, the spatial 480 patterns in the first principal components matched those of the CalEnviroScreen combined 481 indicators and numeric score. Further, the principal components from the CalEnviroScreen 482 exposure and vulnerability variables were significantly associated with our estimate of disease 483 burden, which is a general indicator of health care burden. Models that contained these 484 variables, and also accounted for spatial autocorrelation and proportion of population that was 485 over 65, explained approximately 50% of the variation in the underlying data. Given all of the 486 uncertainty and assumptions with the study data and scale, this suggests that the 487 CalEnviroScreen data includes multiple exposure hazards and socioeconomic vulnerability 488 indicators, which in combination influence burden of disease. Our analysis, therefore, suggests 489 that CalEnviroScreen is an appropriate tool for its intended purpose: to identify vulnerable 490 communities for resource allocation in environmental health restoration [18] . 491
The first few principal components explained limited variance in the underlying data set, and 492 many of the parameters, especially environmental exposure measures, were weakly correlated. The limited variability explained by the first few principal components further suggests that for 502 the 20 hazard parameters captured in CalEnviroScreen 3.0, there will be many exposure, 503 vulnerability, and health outcome combinations that are not fully described by combined 504 multivariate gradients. For example, the negative association of ozone air pollution with 505 groundwater threats and water body impairments is not readily explained but suggests that 506 residents of different regions encounter different exposure hazards. Further examination of the 507 statistical properties and demographic vulnerability of sites exhibiting unique exposure 508 combinations is ongoing. These efforts, performed by local agencies, interest groups, and 509 community-based organizations in evaluating updates to the CalEnviroScreen method [51], 510 complement the CalEnviroScreen numeric score by establishing a typology of vulnerable 511 communities. How to incorporate these efforts into resource allocation decisions remains a 512 difficult policy challenge. 513
The evaluation and modification of CalEnviroScreen is reflected in the recent release of 514 CalEnviroScreen 3.0, updating much of the data, and attempting to address prior community 515 review comments. In comparison to CalEnviroScreen 2.0, CalEnviroScreen 3.0 added two new 516 indicators (hospital visits for heart attack, and low income households burdened by high 517 housing costs), removed a vulnerable age indicator, and retained the other 18 indicators 518 included in this paper [23] . Despite these changes, the multivariate patterns we observed in the 519 correlation coefficients and principal component analysis results were almost identical between 520 the two versions, and we therefore chose to focus on CalEnviroScreen 3.0 in this paper. resulting from socioeconomic conditions, must be considered in health risk assessment [1, 3, 555 12 ]. This finding is further acknowledged in that investigations of the environmental causes of 556 disease typically adjust for indicators of socioeconomic status [5, 17] . The generalizability of 557 our finding that socioeconomic factors better explained disease burden than environmental 558 hazards merits investigation, as it would have implications for intervention priorities, as well as 559 for conceptualization of the primary structuring factors that influence disease. 560
The multivariate and exploratory approach of our study reflects objectives quite different from 561 a traditional epidemiological evaluation of how one or a small number of exposures affects a 562 single outcome. Instead, our approach falls within the realm of quantitative methods for 563 comparing among and evaluating cumulative environmental impacts in combination [6, 9, 10, 564 17]. We identified prevailing gradients of exposure and vulnerability, and observed how these 565 patterns were associated with disease burden. We observed relatively strong associations 566 among all of the socioeconomic indicators (education, income, unemployment, linguistic 567 isolation), each of which may exhibit a separate impact on vulnerability [13] . This could 568 28 explain the stronger association between socioeconomic indicators and disease burden, in 569 contrast to environmental hazards, which were less correlated, such that the gradients in 570 multivariate exposures were weaker. In other words, our findings support the paradigm that 571 population disease burden will be more strongly impacted when multiple stressors occur in 572 combination. As such, examination of the multivariate association among stressors should 573 provide added and complementary information to bivariate analyses of exposure versus 574 outcome. 575
Limitations and caveats 576
Like all census-tract-scale studies of publicly available spatial exposure and health data, this 577 study has limitations. For their similar study of the San Joaquin Valley region, Huang and 578 London [14] eloquently describe the limitations of studies using publicly-available spatial 579 exposure data. Our study does not establish causality and we cannot extrapolate inferences to 580 the individual level [57] . We used publicly available health outcome data; as such our analysis 581 was restricted to hospital discharge data at the zip code scale, which can be used to indicate 582 overall morbidity [38] , but may also be subject to bias [58] . Moreover, the specific choices we 583 made regarding ICD-9 endpoints that had environmental etiology could be questioned, and 584 must be interpreted as a general burden of disease measure, rather than indicative of any 585 specific health outcome. Data required geographic alignment, including assembly of different 586 parameters provided at multiple and varying spatial scales. In particular, CalEnviroScreen data 587 were available at the census-tract level, the disease burden measure at the USPS zip code level, 588 and spatial polygon arrangement at the zip code tabulation area-level. Inaccuracies are 589 inevitably introduced when aligning these different spatial scales [59] . In line with the 590 29 protection of individual rights to anonymity in publicly accessible outcome data, individual-591 level demographic information was masked, and residential addresses were limited to USPS zip 592 code. These factors likely in part explain the limited strength of associations observed in this 593 study. In particular, the association between the environmental principal components and 594 disease burden was weak in our study. This was similar to Gaffron hospitalization rates or disease occurrence [2, 30] . However, few studies explicitly evaluate and 606 describe the multiple patterns of association that occur across a range of health hazards and 607 vulnerabilities at the census-tract scale [9, 10]. We use this approach to evaluate a cumulative 608 impact screening methodology (CalEnviroScreen), observing that the methodology produced a 609 spatial data set that captures the main underlying gradients, which in turn are associated with 610 the burden of diseases having environmental etiology. CalEnviroScreen should therefore be 611 30 useful for its intended purpose of screening for those communities most vulnerable to 612 environmental exposure. 613
We observed that socioeconomic indicators were associated with each other and contributed to 614 explaining disease burden, and that an environmental gradient of urban and industrial pollution 615 also contributed to explaining disease burden. Ground-level ozone and drinking water threats 616 were negatively associated with impaired water bodies and groundwater threats. Some of these 617 findings corroborate findings from the preliminary analysis for CalEnviroScreen development 618 using 30 zip codes by Meehan August et al. [13] . The existence of separate gradients of 619 environmental hazard and socioeconomic disparity, and the varying ability to predict disease 620 burden highlight the need for continued emphasis on integrated approaches in vulnerability 621 assessment. 622
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